A major issue in modern ecology is to understand how ecological complexity at broad scales is regulated by mechanisms operating at the organismic level. What specific underlying processes are essential for a macroecological pattern to emerge? Here, we analyze the analytical predictions of a general model suitable for describing the spatial biodiversity similarity in river ecosystems, and benchmark them against the empirical occurrence data of freshwater fish species collected in the Mississippi-Missouri river system. Encapsulating immigration, emigration, and stochastic noise, and without resorting to species abundance data, the model is able to reproduce the observed probability distribution of the Jaccard similarity index at any given distance. In addition to providing an excellent agreement with the empirical data, this approach accounts for heterogeneities of different subbasins, suggesting a strong dependence of biodiversity similarity on their respective climates. Strikingly, the model can also predict the actual probability distribution of the Jaccard similarity index for any distance when considering just a relatively small sample. The proposed framework supports the notion that simplified macroecological models are capable of predicting fundamental patterns-a theme at the heart of modern community ecology. macroecology ͉ river networks ͉ Jaccard index ͉ average annual runoff production ͉ Mississippi-Missouri basin T he fundamental mechanisms that underlie emergent biodiversity patterns are the fabric of the large canvas of ecological complexity (1-5), whose functioning across spatial and temporal scales is still challenging modern ecologists (6, 7).
T
he fundamental mechanisms that underlie emergent biodiversity patterns are the fabric of the large canvas of ecological complexity (1) (2) (3) (4) (5) , whose functioning across spatial and temporal scales is still challenging modern ecologists (6, 7) .
River ecosystems, like tropical forests, constitute an invaluable source of species diversity whose study can shed light on these puzzling issues (8) , and whose insights will in turn resonate in the conservation biology of freshwater fauna suffering extinction rates comparable to the species decline in tropical rainforests (9) . Riverine ecology has recognized the importance of geomorphology for biodiversity (10) : on the one hand, ecologists have investigated the role of branches (11) (12) (13) and riparian zones (14) as primary habitats as well as the importance of tributaries (15) in sculpting species diversity (16, 17) ; on the other hand, theoretical studies have looked into possible implications of dendritic networks (18) on population persistence (19) , species richness, and spatial turnover (20) . Recent advances have also pointed out that simplifying neutral assumptions can reproduce important macroecological patterns in such dendritic structures (21) .
Indeed, despite the fact that biodiversity similarity among habitat patches is crucial to dispersal, speciation, and adaptation to climate diversity at large scales (22) and can also be related to species richness (23, 24) , it is not well understood yet. Here, we develop an analytical model suggesting that essential features of biodiversity similarity in river ecosystems may be captured by using only the occurrence data of species.
Our dataset pertains to the basin of the Mississippi-Missouri River System (MMRS), one of the largest in the world, covering Ͼ3 million km 2 . It presents a formidable array of different biotic habitats ensuing from both natural environmental forcing and anthropogenic influence. Its network topology can be thought of as an assembly of connected local communities (LCs) (see SI), in which the distance is measured in link units (topological distance), so that distance increases by one link unit when traveling from one LC to its neighboring LC in the network. Any LC is defined by a direct tributary area, i.e., a local area draining directly to a group of streams (see SI).
Modeling Spatial Biodiversity Similarity
The characterization of biodiversity similarity among different LCs of the river network is carried out within a stochastic ecological framework (25) (26) (27) (28) (29) that allows us to formulate an analytically tractable model. We focus mainly on the study of a random variable, J(d), the relative fraction of common species between 2 LCs at distance d ϭ 0, 1, 2, … in link units. It was observed that stream flow directions do not play a significant role in the dispersal of fish species in the MMRS (21) , and therefore distances can be considered along undirected links. Experimentally, we measured J(d) by means of the Jaccard Similarity Index (JSI), which is defined as the ratio of the number of species shared by 2 LCs at distance d to the number of species present in either one of them.
In principle, one should consider a JSI that depends explicitly on the specific spatial location of the given LCs, rather than simply on the distance between them, because of their different environment, climate, etc. However, we assume here that the observed variations among pairs of LCs at the same distance are to be seen as fluctuations mainly due to the stochasticity, whose physical origin rests on climate gradients and different local environmental conditions. This assumption turns out to be crucial for the tractability of the model and for its predictive power. Thus, bearing in mind these considerations, one expects 3 kinds of contributions to the time variation of J(d, t), i.e., the JSI at time t between 2 particular LCs that are distance d apart
The first contribution is simply due to stochastic environmental fluctuations that are unavoidable and are represented by a noise term (t), which is assumed independent of any spatial location and has amplitude ͌ D. The second contribution introduces loss of common species and is represented by ϪkJ(d, t), with the proportionality constant independent of the distance d. This term brings about a reduction of common species as long as at least 1 species is shared by the pair of LCs. The third contribution, f(d), is independent of J and comes from the mutual influence of the other LCs around and between the 2 considered LCs. This term favors the presence Author contributions: S.A., R.M., A.M., A.R., and I.R.-I. designed research, performed research, contributed new reagents/analytic tools, analyzed data, and wrote the paper.
of common species and is the only contribution that depends explicitly on the distance d. These considerations lead to the following stochastic equation for the similarity index
where (t) is a Gaussian white noise with zero mean and autocorrelation function ͗(t)(tЈ)͘ ϭ 2D␦(t Ϫ tЈ), and D does not depend on time or distance. As we will show later, within our framework the dependence on basin heterogeneities can be accommodated by the parameter k and the d dependence of f(d). Eq. 1 defines our model for the spatial biodiversity similarity and leads to the following stationary probability density function (see Methods) for the index J at distance d (link units)
where erf
, and ␤ ϵ ͌ k/2D are dimensionless parameters. In the following, we will show that upon a proper definition of ␣(d), Eq. 2 actually captures the distribution of the JSI throughout the river basin.
Eq. 1 describes the evolution of the entire set of species shared by any pair of LCs at distance d. In general, any species constituting this set may have different dispersal abilities, growth rates, and niche characteristics: 2 species might be common to distinct LCs although they migrate or give birth to their offspring with unequal probabilities. This observation suggests that the model can account for biodiversity similarity in a wide array of ecosystems, without assuming neutrality across species (30) (31) (32) . Some of the previous studies, where analytical results were obtained, are based on the neutral hypothesis (33, 34) , although it is not always necessary to get exact results on the spatial turnover of species (35, 36) . The analysis of this latter, however, hinged so far on the abundance of each species across a 2-dimensional landscape: This provides a detailed description of biodiversity similarity distribution in space. Unfortunately, species abundances are not easily available or reliable from empirical data. Our approach is concerned with the number of cooccurring species in a pair of LCs, regardless of their population or ecological behavior, and the form of f(d) can be suitably adapted to account for different configurations. Thus, some generality is suggested for the general framework described by Eq. 1.
Next, we address the issue of a proper definition of ␣(d), which we will consider a continuous function of d, even though d can take on only discrete values. First, owing to physical reasons, one expects that ␣(d) is a decreasing function of d because the greater the distance, the smaller the number of common species between LCs. Second, owing to theoretical reasons, one should attain lim d30 ␣(d) ϭ ϩϱ, because by definition the probability p(Jd) must be such that lim d30 p(Jd) ϭ ␦(J Ϫ 1), where ␦(J Ϫ 1) is a Dirac delta distribution. Thus, one of the simplest choices that accounts for both considerations is
where ␣ Ϫ1 , ␣ 0 , and ␣ 1 are positive real constants. We assume that if the above form of ␣(d) is extrapolated at very large distances, the number of common species would be negligible. However, the model can easily be modified to accommodate cases in which the biodiversity similarity does not necessarily vanish at large distances.
Note that this choice of ␣(d) allows one to define a mixing distance, d m , through the condition ␣(d m ) ϭ 0: The mixing distance measures the range within which LCs can effectively share fish species. Large values of d m with respect to the size of the system indicate the presence of well-mixed LCs and hence high similarity. In the case of the MMRS we obtained d m Ӎ 25 links, where the maximum pairwise distance is 46 links. When the distance between a given pair of LCs is below the mixing distance, ␣(d) Ͼ 0 and the contribution to the JSI is mainly due to the LCs that are close to both LCs and thus give rise to a net immigration of common species. As the distance increases beyond the mixing distance, ␣(d) becomes negative because the LCs close to each of the 2 given LCs have themselves less and less common species (they are far away) and thus contribute negatively to the flux of common species.
One can calculate all the moments of the distribution defined in Eq. 2. In particular, the mean of J between 2 LCs at distance
Although the qualitative behavior predicted by Eq. 3 is in agreement with previous studies (37) , the actual form is quite different from a simple exponential or a compound exponential (31) . The standard deviation has a rather cumbersome expression, but for small distances, when the stochasticity is not overwhelming, one can simply estimate J (1) Ӎ 1/ ͌ 2␤, which allows one to calculate ␤ from empirical data. (1) is the standard deviation of the empirical J at distance 1 link unit, i.e., J (1) . With this value of ␤, the other 3 parameters were fitted to data on the mean similarity vs. distance, i.e., Eq. 3, through the method of least squares. We have obtained ␣ Ϫ1 ϭ 6.23, ␣ 0 ϭ 16, ␣ 1 ϭ 0.66, the 95% confidence intervals on the fitted parameters are [5.60,6 .87], [15.66,16.32] and [0.64,0.68] respectively; R 2 ϭ 0.998. Fig. 1 shows the results one gets when using this fitting procedure. The standard deviation in the Inset of Fig. 1 and the distributions p(Jd) at some selected distances in Fig. 2 were obtained with the same values of the parameters already estimated from the mean JSI (see SI). In all cases the agreement between the empirical data and the theory is remarkably good: the coefficients of determination (see Methods) for the profiles of mean JSI and its standard deviation are 0.998 and 0.713, respectively; the mean R 2 for the empirical and predicted distributions p(Jd) is 0.971 (see SI).
Results

Discussion
Biodiversity Similarity and Climate. It is worth noting that, even though the MMRS spans greatly varying environmental habitats, over large scales, all heterogeneities are expected to be smoothed out as far as biodiversity similarity is concerned. We also carried out a similar analysis on 2 different subbasins belonging to the MMRS, namely the Missouri and Ohio river basins: Although still large, they have smaller drainage areas and are more spatially homogenous in their average annual runoff production (AARP), with the Missouri being drier, on average, than the Ohio river basin (39) . Indeed, the model can effectively capture the distribution in both subbasins and interestingly suggests a strong climatic control on the characteristics of biodiversity similarity (see Fig. 3 ). The form of ␣(d) is the same for both subbasins, but the climatic heterogeneity mostly affects the parameters ␣ Ϫ1 , ␣ 0 and ␤, leaving . 3 ). It turns out that the subbasin with the highest biodiversity similarity (Ohio) has also the greatest values of ␣ Ϫ1 , ␣ 0 , and ␤: This implies a slower decay of the mean JSI with a narrower peak of its distribution, because the standard deviation at any distance is smaller with respect to the other basins (see Fig. S5 in SI) . Furthermore, the Ohio River basin has the greatest mean regional AARP as well as the largest mixing distance (d m ϭ 60 links). The shallower slope of its ͗J(d)͘ profile is due to well-mixed LCs, in which most abundant species are also widespread, presumably supported by more resources. On the contrary, the Missouri River basin has the smallest mean regional AARP as well as the smallest values of ␣ Ϫ1 , ␣ 0 , and ␤ and mixing distance (d m ϭ 16 links). Its steeper slope indicates that LCs share mostly local species, supported by lower resources or habitat capacities. These findings are consistent with other studies on tropical forest trees (40) , which have documented a direct role of moisture availability in species distribution and community composition (41) .
Predicting Biodiversity Similarity. We address now the question of the predictive power of the model, i.e., how large the sample size (number of randomly selected LCs) should be to make reliable inferences about the biodiversity similarity distribution of the entire MMRS. Because the parameter ␤ can be directly estimated from the standard deviation at 1 link unit away, we implement a protocol that accounts for that and effectively extracts all of the information the model needs for the other parameters. This calls for a reliable estimation of J(1) that one uses to determine J (1). Thus, when randomly picking a LC in a sample, in our protocol we also include one of its nearest LCs (chosen at random), if that neighboring LC is not already included in the analysis. This procedure provides the best estimate of the parameters for a given sample size and can be practically implemented in the field. Furthermore, because the pairwise distribution peaks at intermediate distances (see SI), for a given sample size such protocol ensures the maximum reliability of ͗J (1) 1 ). (Lower) The surface of the same distribution when using the same best-fitting parameters is shown. Notice that the peak shifts toward the origin as the distance increases.
The model succeeds in providing reliable predictions (the mean of the R 2 over 200 samples is Ͼ0.95) when taking into account Ϸ50 LCs of 824 (see Fig. S7 in SI) . Therefore, our sampling approach would allow field ecologists to derive the actual mean JSI and its complete probability distribution by means of the analytical predictions of the model. The MMRS encompasses highly varying environmental conditions, thus it is conceivable that in more homogeneous river ecosystems, the data requirement for parameter estimation may be considerably less demanding, thus significantly enhancing the applicability of the model.
Conclusions
The above results show that the model is not only able to represent biodiversity similarity patterns in river ecosystems and account for climate heterogeneities of different subbasins, but is also attractive for field applications when dealing with relatively large systems.
Our approach is amenable to further extensions and generalizations. The model itself could be formulated for the case when directionality plays a significant role in the river system-e.g., transport of propagules-and eventually it could be generalized to different structured ecosystems, like forests or savannas.
We have presented here a parsimonious yet powerful approach to understanding of spatial biodiversity similarity patterns using only the occurrence data of species. Furthermore, it is also amenable to the study of its temporal dynamics. It shows how simple and general mechanisms can constrain spatial features at broad scales, and contributes to the challenging issues of modern macroecology.
Methods
Analytical Framework. When setting (t) ϭ 0 in Eq. 1, one gets the simple
e Ϫkt for an arbitrary initial JSI J0(d). For large time scales, this deterministic model predicts that any pair of LCs at distance d has the same value f(d)/k. However, the noise term (t) tends to diffuse J(d, t) away from its deterministic value and the model predictions are no longer trivial. The random kicks of (t) make the JSI highly irregular and unpredictable; however, the evolution of its probability distribution is still smooth and deterministic. There exists a standard procedure to obtain the equation for the distribution of J at distance d, when the stochastic evolution for J is known (see chapter IX of ref. 42) . It turns out that the stochastic Eq. 1 is equivalent to the following Fokker-Planck equation
with reflecting boundaries at J ϭ 0,1; p(Jd) is the probability density function of the similarity index J at different given distance d. When data at different times will become available, its time-dependent solution will be useful, because it can describe the temporal evolution of biodiversity similarity. However, in this study, we are only interested in the behavior of the solution for large time scales, i.e., within a steady-state regime. 
Coefficient of Determination.
The index that we used for assessing the goodness of fits and the predictive power of the model is the coefficient of determination, R 2 , which is defined as
where xi is the ith observed value in a dataset that comprises imax total observations, f i is the corresponding value predicted by a model and ͗x͘ is the mean of all x is. When applying R 2 to the sampling protocol for predicting the biodiversity similarity the meaning of symbols is the following: x i is the mean JSI at distance d when using all of the available empirical information; f i the estimate of ͗J(d)͘ by best-fitting the model parameters with the data obtained from the given sample; ͗x͘ the average of the empirical ͗J(d)͘ over all distances, and i max the maximum distance between links included in the analysis, which in this case is 40 links. 
